This paper proposes a multivariate VAR-BEKK-GJR-GARCH volatility model to assess the dynamic interdependence among stock, bond and money market returns and volatility of returns. The proposed model allows for market interaction which provides useful information for pricing securities, measuring value-at-risk (VaR), and asset allocation and diversification, assisting financial regulators for policy implementation. The model is estimated by the maximum likelihood method with Student-t innovation density. The asymptotic chi-square tests for volatility spillovers and leverage effects are constructed and provide predictions of volatility and time-varying correlations of returns. Application of the proposed model to the Australia's domestic stock, bond, and money markets reveals that the domestic financial markets are interdependent and volatility is predictable. In general, volatility spillovers from stock market to bond and to money markets due to common news. The empirical findings of this paper quantify the association among the security markets which can be utilized for improving agents' decision-making strategies for risk management, portfolio selection and diversification.
Introduction
Security traders in the financial markets make their "buy" and "sell" decisions based on the information available in the financial markets. The amount of risk associated with a series of returns, however, depends on the arrival of the so-called "good" and "bad" news that continuously spreads throughout the fi-DOI: 10.4236/tel.2019. 91008 84 Theoretical Economics Letters nancial markets in every moment of time. Since "news" is not directly observable, returns are stochastic and volatile. An interesting feature of asset price is that "bad" news seems to have a more pronounced effect on volatility than does the "good" news. This asymmetric "news" is associated with the innovation distribution of losses and gains in the financial markets, which plays a vital role in determining the leverage effect on asset volatility. Black [1] finds that the leverage effect is caused by the fact that negative returns have greater influences on future volatility than do the positive returns. To understand the dynamics of simultaneous presence of "news" and "leverage" effects on volatility, we are required to develop forms of the expected returns and volatility of return processes of a financial time series. There are three main ways of modelling financial volatility, namely, implied volatility, realized volatility, and conditional volatility. In this paper we use the conditional volatility approach. In developing dynamic volatility models, there are two strands of modelling conditional volatility-the univariate and multivariate volatility modelling respectively. Engle [2] first introduced univariate autoregressive conditional heteroskedasticity (ARCH) model for measuring and predicting asset return volatility. This model is useful because it captures some stylized facts such as volatility clustering and thick-tail distribution of return series. Bollerslev [3] extended the ARCH model which allowed for the effect of past volatility in the expanded ARCH model. This extension is widely known as the generalized ARCH (or GARCH) model. Although useful, the basic ARCH/GARCH models are incapable to capturing leverage effects. Leverage effect is the tendency for volatility to decline when returns rise and to rise when returns fall. Black [1] first discovered the leverage effect that existed in the financial data and confirmed by French, Schwert, and Stambaugh (1987) . Various types of volatility models, within the univariate framework, have been developed in the literature to address both the theory and empirical issues of the model, namely, the news asymmetry, volatility clustering, thick-tail, non-normality, and risk premium in the financial returns. For example, Nelson [4] develops an Exponential GARCH (EGARCH), Engle and Ng [5] provide nonparametric tests for asymmetry between news and volatility, and Glosten et al. [6] propose asymmetric GARCH model. The asymmetric GARCH of Glosten et al. [6] is generally known as threshold GARCH (TGARCH or GJR-GARCH) model. In the risk-return framework there was another development of the univariate ARCH/GARCH model, in which the first moment of a series is allowed to include the information generated by the second moment of the returns series. This specification is capable to deal with investor/agent's demand for compensation for holding risky assets. This extension is widely known as ARCH-in-Mean (or ARCH-M) model developed by Engle et al. [7] . Further extension such as GARCH-M, GJR-GARCH can be found elsewhere.
The first two moments respectively called mean and variance of return series have been investigated extensively in the univariate finance literature to understand the trading dynamics of risk and returns in the financial asset markets, for example Bollerslev [8] and Bera [9] , among others. These articles use various In this paper we take the challenge of fitting our proposed multivariate VAR-BEKK-GJR-GARCH (or, VAR-BEKK-GJR-MGARCH) volatility model and investigate the dynamic interdependence among assets. This model is different from Ling and McAleer [13] in that our model does not restrict the volatility correlations and uses t (with unknown shape parameter) to comply with the data coherent innovation distribution. Our model is more general than the Engle-Kroner [12] BEKK formulation, in that our model captures the multivariate leverage effect and volatility spillovers jointly. This paper is organized as follows. In Section 2, model and methodology is discussed. Section 3 describes the sources and statistical properties of the data. Real application of the proposed model is reported in Section 4. Finally, Section 5 concludes the paper with future research directions.
Econometric Methodology
To apprehend the dynamic interdependence of asset returns and volatility spil- 
where, 
Model (1) with (2) [8] , Engle [14] and Tsui [15] among others.
To allow for asymmetric transmission of "good" and "bad" "news" information from one asset to another and /or from one market to another, we define a multivariate indicator vector along the lines with Glosten et al. [6] and Zakoian [16] as follows.
We define the variable
to introduce the leverage effects on volatility. Allowing both the news and leverage effects on volatility, we specify (2) as follows.
Combining the leverage effects within BEKK volatility model, we have the 
Volatility:
where, long-run parameters, respectively and the innovation t ε is as defined above.
The model (2') provides both quality and quantity effects on volatility jointly. If Γ is a zero matrix then (2') boils down to Engle-Kroner [12] BEKK-MGARCH model.
Estimation of the VAR-BEKK-GJR-MGARCH Model
In order to estimate the parameters of the model (1') and (2') jointly, we assume that the innovation vector follows a multivariate t-distribution with unknown (but equal) degrees of freedom. The advantage of using the t-distribution is that it nests the normal distribution as a limiting case. The t-distribution with small number of degrees of freedom captures skewness and fat-tailed property of return series. Therefore, a data coherent assumption of t-distribution of innovation is meaningful and useful for modelling volatility clustering and non-normality of the financial asset returns. The multivariate t-distribution with T observations has the following log-likelihood function.
( ) This property is useful for developing statistical tests on the parameters.
Tests for Spillovers and Leverage Effects
Refer to the multivariate volatility model of Section 2.1, the following hypotheses are of interest to test for return and volatility spillovers and, leverage effects across assets. Considering three assets portfolio, the following hypotheses can be : 0
Leverage Effects on Asset Returns Volatility
We perform the following hypothesis tests for the presence of leverage effects of own shock and shocks due to the other assets on volatility by testing the leverage : 0
The above hypotheses tests of Section 2.3 were performed by employing
Chi-square tests in RATS programing. We have reported the Chi-square test results in the empirical section 4.
Data and Preliminary Results
Historical data on stock, bond, and Tbill of Australia's domestic market from 4
April 2006 to 20 June 2016, for a total 883 observations are used for analysis. The data was retrieved from Bloomberg database. The daily returns, in percentages, for stock (all ordinaries), bond (5-year maturity rate), and Tbill (90 day bank accepted bank accepted bill are) are constructed by the following growth rate form.
The 
Data Property and Preliminary Results
In this section we provide graphical means to explore the data properties. First we plot the return series and the squared return series. Then we provide the serial correlations and cross correlation of the variables to determine the data dependencies by employing ACF and PACF graphs and Ljung-Box [17] cross-correlation test. We use RATS package for empirical computation of this paper. Table 2 reveal that we jointly model the observed facts of the first and second moments of the data generating process to investigate dependence structure of the variables within the multivariate framework, which is discussed below. 
Estimation of the Model
We apply AIC, BIC, and HQ criteria to select the order of the VAR of mean model. We select order 1 for VAR because among the three criteria both BIC and HQ select VAR of order 1. In the univariate case, there was overwhelming support to GARCH (1, 1) (Bollerslev) [3] . Considering these empirical facts, we thus proceed to fit VAR ( 
Maximum Likelihood Estimation with t-Innovation
The nonlinear maximum likelihood with t-innovation is used to estimate the parameters of the model of interest. Estimated parameters with the corresponding standard error and the p-value of tests are reported in Table 3 .
) is the (i, j)-th element of the ( ) Table 3 indicate that the leverage effects are significant with some variation. The results also demonstrate spillover effects both in the mean and the volatility models.
The shape parameter is estimated to 6 v = (approximately). This result is based on the assumption that the trivariate t-distribution has common but unknown degrees of freedom. The long-run parameters ˆi Note: ***1%, **5%, and *10% level of significance. 
Spillover Effects of Stock, Bond, and Tbill
In this section we report the spillover and leverage effects of return and volatilities of returns. Based on the MLE estimates of the VAR-BEKK-GJR-MGARCH Next we test the leverage in volatility transmission across domestic asset markets. In the context of multivariate asset market trade dynamics, it is important for asset management to know how the "news" spread over to other assets and increase the risk of holding risky assets. Since the negative news have the greater influence on future volatility than do the gains, we therefore, test for the leverage effects of the asset's own shock and shocks due to the other assets in the multiple financial markets. This has been empirically investigated by testing the leverage parameters across assets jointly by utilizing the Wald Chi-square test. The test results of the leverage parameters ij γ are provided in Table 5 (c). Table 5(c) shows that there is a significant leverage effects transmitting from stock's own shock, and the shocks due to the bond and Tbill markets to the stock market. Further, significant asymmetric leverage effects transmitting from bond's own shock, and the shocks due to the stock and Tbill markets to the bond markets jointly. However, no significant leverage effects transmit jointly from Tbill's own shock, and the shocks are due to the stock and bond markets to the Tbill market. These observations are useful, for the Australia's domestic investors, for optimal asset al. location strategies for future investment decision.
Pattern of Change in Predicted Volatility and Correlations
The estimated model satisfies most of the desirable properties, namely model adequacy, parameter consistency, volatility clustering and leverage effects. As mentioned before, a good forecast model must capture all stylized facts of the data. In this regard, our VAR-BEKK-GJR-MGARCH (t) model can be used for modelling and predicting volatility and correlation of return volatilities. The graph below displays time plot of the predicted time varying volatility and correlations. Figure 3 shows both in-sample and out-of-sample predicted volatilities and correlations of volatilities between assets. The main diagonal of Figure 3 displays the predicted volatility and the off-diagonal graphs display the predicted volatilities. The predicted volatilities of bond, stock and Tbill exhibit changes the pattern of movement over time. The out-of-sample volatility prediction of each of the security is tranquil. This is the recovery of the GFC. The prediction of correlation of volatility between stock and bond, and Tbill and stock are both positive in the 100-step-ahead prediction. But a mix of both negative and positive is during in-sample prediction. However, both the in-sample and out of sample prediction of correlation of volatility between Tbill and bond are negative. This carries useful information about the asset markets interaction and trade-off, which is consistent with our previous findings. The volatility prediction is monotonically decreasing in all cases after 2011. The out-of-sample prediction is tranquil for Tbill but the stock and bond price volatility continues to fall. The overall Predicted bond return is more volatile than the predicted stock returns during 2011. There were some tranquil periods both in bond and Tbill volatility predictions during the mid-2007 and a severe peak in all of the securities' volatility during 2011-2012. All those are the European financial crisis periods. 
Conclusion
In this paper we investigate the impact of news on volatility in the multiple asset markets using VAR-BEKK-GJR-MGARCH model. Although this model contains a large number of parameters, its statistical second order moment property holds. This model is capable to capture both asymmetric error distributions (measuring news effects) and "volatility leverage". To our knowledge, application of the simultaneous occurrence of asymmetry and leverage effects on volatility in the Australia's domestic financial markets is the first. This paper contributes to both methodology and real application within the multivariate financial volatility modelling context. The new modelling strategy of this paper provides important additional information about the sources and linkages among the domestic asset markets of Australia. The results of this paper show that the Australian's domestic asset markets are interdependent in general. Significant volatility spillovers from stock market to the bond and to money markets simultaneously due to common news information which is supported by the Wald chi-square tests. Time plot of the daily log returns highlights that the domestic bond market is affected most by the global financial crises (GFC), while Tbill is least affected as Tbill is more liquid than the bond market. We also find significant volatility leverage effects from bond and money markets to the stock market and from stock and money markets to the bond market. However, no significant volatility leverage effects are found from stock and bond markets to Tbill 
